Objectives: The objectives of this study were to develop a fully automatic method for detecting blood vessels in dynamic contrast-enhanced magnetic resonance imaging of the breast on the basis of a multiscale 3-dimensional Hessian-based algorithm and to evaluate the improvement in reducing the number of vessel voxels incorrectly classified as parenchymal lesions by a computer-aided diagnosis (CAD) system. Materials and Methods: The algorithm has been conceived to work on images obtained with different sequences, different acquisition parameters, such as the use of fat-saturation, and different contrast agents. The analysis was performed on 28 dynamic contrast-enhanced magnetic resonance imaging examinations, with 39 malignant (28 principal and 11 satellite) and 8 benign lesions, acquired at 2 centers using 2 different 1.5-T magnetic resonance scanners, radiofrequency coils, and contrast agents (14 studies from group A and 14 studies from group B). The method consists of 2 main steps: (a) the detection of linear structures on 3-dimensional images, with a multiscale analysis based on the second-order image derivatives and (b) the exclusion of non-vessel enhancements based on their morphological properties through the evaluation of the covariance matrix eigenvalues. To evaluate the algorithm performances, the identified vessels were converted into a 2-dimensional vasculature skeleton and then compared with manual tracking performed by an expert radiologist. When assessing the outcome of the algorithm performances in identifying vascular structures, the following terms must be considered: the correct-detection rate refers to pixels identified by both the algorithm and the radiologist, the missed-detection rate refers to pixels detected only by the radiologist, and the incorrect-detection rate refers to pixels detected only by the algorithm. The Wilcoxon rank sum test was used to assess differences between the performances of the 2 subgroups of images obtained from the different scanners. Results: For the testing set, which is composed of 28 patients from 2 different clinical centers, the median correct-detection rate was 89.1%, the median missed-detection rate was 10.9%, and the median incorrect-detection rate was 27.1%. The difference between group A and group B was not significant (P 9 0.25). The exclusion of vascular voxels from the lesion detection map of a CAD system leads to a reduction of 68.4% (30.0%) (mean [SD]) of the total number of false-positives because of vessels, without a significant difference between the 2 subgroups (P = 0.50).
B
reast cancer is the second most common neoplasia after lung cancer and is the most common cancer in women.
1Y3 Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is a noninvasive imaging technique used more and more frequently in breast cancer diagnosis. 4, 5 A recent multicenter study showed that breast DCE-MRI used to screen women at high risk for breast cancer has 91% sensitivity, 97.4% specificity, and a 62% positive predictive value. 6 However, with the increasing use of breast MRI, the large numbers of images that need to be interpreted render the accuracy and efficiency of interpretation an ever more challenging issue. 7, 8 Recent studies aimed to increase specificity of DCE-MRI by adding a breast vascularity analysis to the standard morphologic and kinetic criteria, demonstrating the association between the 1-sided increased vascularity and ipsilateral breast cancer. 9Y12 This type of analysis is part of recent investigations exploring the diagnostic value of vessel analysis. During the past decade, research has approached this issue in 2 ways: first, by investigating whole-breast vascularity and second, by examining local vascularity (ie, vessels adjacent to and feeding a lesion or lesions). 13 From 2001 to 2005, several studies 9Y11,14 considered the association between asymmetric increase in whole-breast vascularity and ipsilateral cancer, reporting sensitivity values ranging from 66% to 88% and specificity values from 57% to 100%. In 2008, Schmitz et al 12 increased specificity by 13% without affecting sensitivity after adjustment for vascularity of the breast to standard morphologic and kinetic analyses. In the matter of local vascularity, studies exploring the presence of vessels adjacent to a lesion or lesions reported sensitivity values ranging from 47% to 89% and specificity values ranging from 83% to 88%. 14Y16 All reported studies on vascularity findings, which are not usually evaluated by radiologists, suggested further investigation of vessel analysis on contrast-enhanced breast magnetic resonance images.
Most vessels can be identified on maximum intensity projections (MIPs); however, evaluating vessels using multiple views may be time consuming for radiologists. 8 Therefore, the automatic detection and extraction of a breast vascular map may improve the workflow of radiologists and may have clinical relevance.
Several studies have tried to address this problem: Frangi et al 17 presented a multiscale vessel enhancement filtering method based on Hessian matrix eigenvalues to detect linear structures, whereas Sato et al 18 described a multiscale 3-dimensional line filtering method based on directional second-order derivatives of Gaussian-smoothed images to highlight vessels in 3-dimensional images. Both previously mentioned algorithms were developed to extract vessels on images from magnetic resonance angiography, a well-established technique for imaging of the vascular system characterized by high signal-tonoise ratio. Applying those methods to DCE-MRI images is not suitable because MRI images are characterized by a noisy background, mainly because of the fibroglandular tissue. To the best of our knowledge, only 1 study 8 developed an algorithm to detect blood vessels in breast DCE-MRI, based on wavelet transform and the Hessian matrix. However, this method has several limitations: it has been tested only on nonYfat-saturated images; it relies on a preliminary manual interaction while breast lesions are excluded by placing a square box over the lesion; and it has been tested on patients with relatively large lesions (mean [SD], 4.0 [2.1] cm), large vessels, and no motion artifacts on subtracted images.
The principal purpose of this study was to implement a fully automatic algorithm for vessel detection on breast DCE-MRI that is able to deal with images obtained with different sequences, different acquisition parameters, such as the use of fat-saturation (fat-sat) or nonYfat-saturation, and different types of contrast agents. The method first extracts the linear structures from 3-dimensional images by means of a filter bank technique based on the Hessian matrix, then the nonYvessel-detected voxels are discarded by using an image covariance matrix. At the end of the process, a 3-dimensional vasculature map is built.
The second goal of the current study was to demonstrate the ability of the algorithm to reduce the number of vessel false-positives (FPs) of a computer-aided diagnosis (CAD) system, commonly used to extract and display information from hundreds of images to help radiologists' reading.
MATERIALS AND METHODS

Patients and Lesions
A total of 28 sequential DCE-MR examinations from patients with ages ranging from 28 to 76 years (mean [SD], 46.8 [14.5] years), with 39 malignant (28 principal and 11 satellite) and 8 benign tumors, were used to test the system. The reference standard was given through histopathology using needle biopsy or by a follow-up for benign lesions and through histopathology using surgical specimen for malignant lesions. The lesion sizes ranged from 5 to 117 mm (mean [SD] , 24.4 [20.5] mm). Studies were collected from 2 institutions, each of which used different MRI equipment and a different protocol. The Local Ethics Committee approved the retrospective use of the database for scientific purposes and waived off informed consent. The study was conducted in accordance with national legislation and the Declaration of Helsinki.
MRI Protocols
Group A included 14 studies acquired on a 1.5-T scanner (Signa Excite HDx; General Electric Healthcare, Milwaukee, Illinois) using an 8-channel breast radiofrequency (RF) coil and a fat-sat 3-dimensional axial fast spoiled gradient-echo sequence (VIBRANT; General Electric Healthcare) with the following technical parameters: TR/TE, 4.5/2.2 millliseconds; flip angle, 15 degrees; reconstructed matrix, 512 Â 512; field of view, 320 mm; slice thickness, 2.6 mm; and pixel size, 0.625 Â 0.625 mm 2 . A total of 7 scans were acquired for each study: 1 baseline, 5 contrast-enhanced frames with a time resolution of 50 seconds, and 1 delayed frame acquired 7 minutes after contrast injection. Gadopentetate dimeglumine (Magnevist; Bayer-Schering, Berlin, Germany) was administered at a dose of 0.1 mmol/kg at 2 mL/s, followed by 20 mL of saline solution at the same rate.
Group B comprised 14 studies performed on a different 1.5-T scanner (Sonata Maestro Class; Siemens, Erlangen, Germany) using a dynamic 3-dimensional axial spoiled fast low-angle shot sequence and a 4-element 2-channel coil, with the following technical parameters: TR/TE, 11/4.9 milliseconds; flip angle, 25 degrees; matrix, 512 Â 512; field of view, 384 mm; slice thickness, 1.3 mm; and pixel size, 0.75 Â 0.75 mm 2 . Gadobenate dimeglumine (MultiHance; Bracco Imaging, Milan, Italy) was used as contrast agent, administered at a dose of 0.1 mmol/kg at 2 mL/s, followed by 20 mL of saline solution at the same rate. One baseline scan was acquired before contrast injection, followed by 5 contrast-enhanced frames taken 118 seconds apart. Fat-sat sequences were not performed in group B patients.
Image Processing
The algorithm was conceived as a 2-step process to search for geometrical tubelike structures (Fig. 1) . The first step, a multiscale analysis, evaluated second derivatives to extract linear structures (Fig. 1A) , and the second step reduced nonYvessel-detected voxels on the basis of the analysis of the covariance matrix (Fig. 1B) . The isotropic image difference between the enhanced frame acquired approximately 2 minutes after injection and the unenhanced frame was considered for vessel analysis. In particular, the second enhanced image was considered for group A (acquired 100 seconds after contrast injection) and the first enhanced image was considered for group B (acquired 118 seconds after contrast injection). In this way, the best ''angiographic effect'' for both the arteries and the veins was obtained. In fact, in the subsequent acquisitions, a more pronounced FIGURE 1. Algorithm pipeline. Box A represents the vessel-detection step, which is composed of the multiscale analysis (dot-line box) and successive volume integration, whereas box B is the nonYvessel-detected voxel reduction step. distribution of the contrast agent in the interstitial space reduced vascular enhancement. 11 
Multiscale Analysis
To extract vessels of different dimensions, a measurement scale that varies within a set range was introduced by applying a Gaussian blur filter using 5 different SDs (sigma) so that 5 subimages smoothed with increasing sigma size were obtained. In fact, although vessels with a diameter greater than 2 mm are always extracted at every sigma, introducing multiresolution analysis makes it possible to extract vessels of diameters comprised between 1 and 2 mm as well. Sato et al 18 reported that the sigma of Gaussian blur and vessel dimension are related according to the following formula:
where r is the vessel radius.
The sigma values ranged from 0.80 (R 1 ) to 1.00 (R 5 ), within a step of 0.05.
To enhance and extract vessels on each smoothed image, the morphology of curvilinear structures was assessed via eigenvalue analysis of the Hessian matrix. The Hessian matrix H describes the second-order structures of local intensity variations on gray-scale images around each point of a 3-dimensional image, having the potential to highlight different components in an image. 19 
When the eigenvalues of
and their corresponding eigenvectors are e 1 , e 2 , and e 3 , respectively, the eigenvector e 1 , corresponding to the largest eigenvalue L 1 , represents the direction along which the second derivative is the maximum, and L 1 gives the maximum second derivative value (whereas L 3 represents the minimum second derivative value). 8, 20 Both L 2 and L 3 have a minimum value at the center of a bright 3-dimensional line, whereas L 1 approximates zero. Therefore, the conditions of a bright line can be regarded as the following:
The eigenvalues of the Hessian matrix were evaluated after setting all positive eigenvalues to zero. By and large, the profiles of L 1 and L 3 are similar for the nodular structures, both showing negative values, whereas, for linear structures, L 3 is negative and L 1 tends to zero. Subtracting L 3 from L 1 , the algorithm is able to distinguish linear structures having positive values from nodular structures having values that approximate zero. 8, 20 To integrate information from the multiscale analysis and for a fair comparison of images at multiple scales, for each scale, the obtained subimage was multiplied by the respective sigma value and the MIP of the 5 subimages was performed.
To compensate for the dependence on the breast, vessels, and lesion extension of a cumulative histogram-based threshold, the obtained MIP was dichotomized according to a threshold automatically calculated from the mammary vessel region. A suitable region of interest of a fixed size (50 mm Â 100 mm) was automatically selected in the region of mammary vessels of the MIP according to the method of Vignati et al, 21 and 99% of the cumulative histogram of the region of interest was chosen as the threshold to extract vessellike structures.
Reduction of the Number of NonYvessel-detected Voxels
The binary mask obtained in the previous step still contained some non-vessel structures, such as noise components and irregular margins of lesions. These regions have a blob-like structure with an elongated shape, characterized by positive values when minimum Hessian eigenvalues are subtracted from maximum Hessian eigenvalues.
To discard these findings on the binary mask, a method based on the covariance matrix was applied. The covariance is a measure of the ''spread'' of a set of points around their center of mass (mean); thus, it measures how much each of the dimensions varies from the mean with respect to the others.
For each voxel defined as a vessel in the previous step, the covariance was evaluated in an 8-mm radius volume of interest. The eigenvectors of the covariance matrix indicate the principal direction of the analyzed region, and the eigenvalues represent the variance of the voxel coordinates along each eigenvector. Therefore, the covariance matrix is used as a morphological descriptor of a region in terms of the extension along its principal component. In this analysis, only the maximum (L 3 ) and the minimum (L 1 ) eigenvalues of the covariance matrix were considered because they make it possible to distinguish between linear (L 3 99 L 1 ) and elongated blob-like (L 3 9 L 1 ) structures. Objects with the maximum and minimum eigenvalue ratio greater than 7 were extracted. Finally, objects with a volume less than 10 mm 3 were discarded to exclude small isolated structures not connected to other vessel voxels.
Data Evaluation and Statistical Analysis
The manual vessel tracking performed by a radiologist with 10 years of experience in interpreting breast MRI images represented the reference standard. On the basis of anatomic distribution, branching, and morphology, the radiologist subjectively evaluated whether a linear structure was a vessel and he was provided with a self-made plug-in of ImageJ (a public domain, Java-based image processing program) to draw vessels on the 2-dimensional axial MIP of the subtracted image. During manual segmentation, the lesions were masked out to allow segmentation of vessels otherwise hidden by the lesions on the MIP.
The radiologist produced 2 different masks: the first one (standard reference map) included vessels with an estimated diameter greater than 1 mm and the second one (control map) included all other visible vessels. The radiologist also outlined the profile of the rib cage, and the pixels outside the region of clinical interest were not considered for the evaluation of system performances. The manual tracking procedure took about 10 minutes per case.
To quantify the algorithm-detected vessels, masks generated by the system were skeletonized and compared with the vascular track outlined by the radiologist. Because the skeleton and the track drawn by the radiologist may be within the same vessel but at a slightly off-pixel location, a vascular pixel in the skeleton determined by the algorithm and a pixel in the radiologist's track within a 3-pixel difference were considered as matching pixels.
A pixel in the algorithm skeleton matching a standard reference map pixel was considered correctly detected. A pixel in the algorithm skeleton without a matching pixel either in the standard reference map or in the control map was considered as a nonYvessel-detected pixel.
A standard reference map pixel without a matching pixel in the algorithm skeleton was considered as a false-negative.
To evaluate the performance of the system, correct-detection rate, incorrect-detection rate, and missed-detection rate were computed. Correct-detection rate was defined as the number of correctly detected pixels over the number of standard reference map pixels. Missed-detection rate was defined as the number of false-negative pixels over the number of standard reference map pixels. Incorrectdetection rate was defined as the number of nonYvessel-detected pixels over the number of pixels detected by the algorithm.
Those parameters were evaluated for the whole testing set and separately for images from data sets A and B. The Wilcoxon rank sum test was used to assess differences between the 2 subgroups. The test, equivalent to a Mann-Whitney U test, performs a 2-sided rank sum test of the null hypothesis that data in the vectors X and Y are independent samples from identical continuous distributions with equal medians against the alternative hypothesis that they do not have equal medians. A P e 0.05 was considered statistically significant.
Moreover, the system's ability to reduce the number of vessel FPs of an automatic lesion detection method 21 was also evaluated. To this purpose, the vessel mask generated by the algorithm was compared with the output of the CAD system. A CAD FP is defined as a connected region labeled as suspicious by the CAD but not confirmed by the radiologist, and a vessel FP indicates a FP corresponding to a vascular region. Every structure in the CAD output overlapping the algorithm's vessel mask by more than 90% was discarded. The reduction of the total number of vessel FPs of the CAD output was evaluated in percentage, and the Wilcoxon rank sum test was used to assess differences between the 2 subgroups.
RESULTS
Vessel Detection Performance
Algorithm performance was evaluated on a data set of 28 sequential DCE-MRI studies (testing set). The overall range, mean value, and median for correct-detection rate, missed-detection rate, and incorrect-detection rate are reported in Table 1 . Thirteen patients had correct-detection rate greater than 90%; 12 patients, between 80% and 90%; and 3 patients, less than 80%. The incorrect-detection rate was less than 30% for 18 patients, between 30% and 40% for 9 patients, and greater than 40% for 1 patient. Incorrect detection was mainly caused by subtraction artifacts along the breast skin or the fibroglandular tissue. The missed-detection rate was less than 10% for 13 patients, between 10% and 20% for 12 patients, and greater than 20% for 2 patients. Missed detection was mainly caused by low-intensity vessels, especially near the end of the vascular tree. Figure 2 shows 2 examples of the algorithm results.
No significant differences were detected between the 2 subgroups (P = 0.50 for correct-detection rate and missed-detection rate and P = 0.26 for incorrect-detection rate).
Reduction of FPs of a CAD System
The total number of vessel FPs in the CAD output, the number of vessel FPs discarded by the vessel algorithm, and the percentage of reduction of vessel FPs of the CAD were calculated. Table 2 summarizes the results for the whole testing set. No statistical difference was found between the 2 subgroups (P = 0.50).
The sensitivity of the CAD system, defined as the number of lesions detected by the CAD system over the total number of lesions, was not affected by the vessel-detection algorithm because no lesions detected by the CAD were discarded after algorithm application.
DISCUSSION
Recently, an ipsilateral association between cancer and increased breast vascularity was demonstrated at contrast-enhanced breast MRI. Because breast carcinomas rely on the process of neoangiogenesis and the development of a complex network of blood microvessels for their growth, increased vascularity can be detected by MRI within the breast cancer lesion and the ipsilateral breast as a whole. Consequently, it has been postulated that scoring of breast vascularity could be used to increase specificity of breast MRI. 12 The purpose of this study was to present a novel method for vessel extraction on breast DCE-MRI images, which can provide nonYoperator-dependent, reproducible vessel maps and reduce radiologists' reading time.
Several aspects of the presented method improved the 1 existing algorithm for blood vessel detection on breast DCE-MRI. 8 Lin's method analyzed only 1 type of image, whereas the presented method achieves good results on a wider range of images for different types of lesions and acquisition parameters, such as the use of fatsaturation, and different contrast agents. In fact, the 2 breast MRI protocols used in this study can be considered quite representative of the spectrum of 1.5-T contrast-enhanced breast MRI protocols used in clinical practice because they consider 2 combinations of different magnetic resonance unit manufacturers, RF coils, types of RF sequences, and types of contrast materials. It seems reasonable that an algorithm for vessel extraction working for these 2 protocols should generally work for other protocols used for breast MRI in clinical practice as well. Lin's algorithm was tested on selected cases with large vessels from patients with relatively larger (mean [SD], 4.0 [2.1] cm), well-defined mass lesions, whereas the presented method also searches for relatively small vessels (diameters Furthermore, Lin's algorithm relies on manual interaction to exclude the lesion, whereas the presented algorithm is fully automatic. Because lesions are not removed during vessel detection, some peripheral portion of the lesion may be incorrectly detected (Fig. 2B) .
Finally, the algorithm was able to identify most vessels reported by the radiologist and improved the correct-detection rate by 10%, with respect to Lin's study correct-detection rate.
Despite encouraging results, some limitations exist in the present study: (a) the length of vessels, potentially useful to a more objective evaluation of breast vascularity, 11 has not been considered; (b) vessel branching points are often missed detected; (c) the threshold set on the covariance eigenvalue ratio is empirically derived; (d) subtraction artifacts along the breast boundary and skin are often incorrectly detected. Moreover, although the radiologist was highly experienced and the visual evaluation was semiquantitative, the substantial subjectivity of the reference standard should be considered.
However, it might be very difficult to obtain an absolute criterion standard. In fact, not even morbid anatomy would help in this case because the volume of vessels of an excised breast could not be used as reference for an in-vivo 3-dimensional volumetric imaging modality.
The algorithm can be improved in several ways: (a) by implementing a method based on connectivity to retrieve parts of vessels excluded because of low intensity, (b) by adding a method to detect bifurcations and complex vessel structure based, for example, on both geometrical vesselness measure and vessel surface properties, 22 (c) by studying a more robust threshold to be applied to the covariance eigenvalue ratio, and (d) by including a method to recognize sheetlike structures, such as subtraction artifacts. Furthermore, to assess the clinical utility of this method, further validation is needed on a wider data set, including a larger lesion case study. Another issue to explore would be methods for extracting small vessels induced by tumor angiogenesis, which are often smaller than 1-mm diameter. To achieve this goal, both MRI protocol and algorithm parameters should be improved.
The reduction of vessel FPs of a CAD system was proposed as an example of how algorithm results are applied, but the vascular maps may be used for other purposes, such as for evaluation of the correlation of changes in vascularity with pathologic tumor response. A recent study, in fact, assessed the variation in whole-breast vascular maps on DCE-MRI after anthracycline-and taxane-based primary chemotherapy in patients with locally advanced breast cancer and encouraged the development of a standardized and highly reproducible method to extract and quantify breast vessels. 23 Other 2 direct applications may be: (a) to provide radiologists with automatic vascular maps, thus reducing the reading time and (b) to reduce the labeling of vessels as suspicious regions in CAD systems, thus improving CAD specificity. In addition, it could also be useful for further vessel analysis on contrast-enhanced MRI images, such as the study of symmetry or asymmetry of vascularity or the study of adjacent lesions and feeding vessels.
In conclusion, a novel Hessian-matrix based method was proposed, which is able to extract blood vessels with a diameter greater than 1 mm on DCE-MRI images acquired with different sequences, acquisition parameters, and contrast agents. The reduction of vessel FPs of a CAD system was proposed as 1 application of the obtained results, but the algorithm vascular maps may find applications in other breast DCE-MRI vessel analysis that are waiting for a reliable quantification method. FIGURE 2. Examples of system performances for 1 study of group A (A and C) and 1 study of group B (B and D). A and B are MIP images of the subtraction frame. C and D are the color validation maps obtained by comparison of the algorithm-detected vessels with the radiologist's vessel track. White pixels are correctly detected pixels, gray pixels are missed pixels and incorrectly detected pixels (nonYvessel-detected pixels). For the study of images A and C, correct-detection rate was 93.2%, incorrect-detection rate was 16.9%, and missed-detection rate was 6.8%. For the study of images B and D, correct-detection rate was 99.3%, incorrect-detection rate was 18.5%, and missed-detection rate was 7.0%.
